In this paper, a comprehensive model for the prediction of the state of charge of a battery is presented. This model has been specifically designed to be used in simulation tools for energy management in (smart) grids. Hence, this model is a compromise between simplicity, accuracy and broad applicability. The model is verified using measurements on three types of Lead-acid (Pb-acid) batteries, a Lithium-ion Polymer (Li-Poly) battery and a Lithium Iron-phosphate (LiFePo) battery. For the Pb-acid batteries the state of charge is predicted for typical scenarios, and these predictions are compared to measurements on the Pb-acid batteries and to predictions made using the KiBaM model. The results show that it is possible to accurately model the state of charge of these batteries, where the difference between the model and the state of charge calculated from measurements is less than 5%. Similarly the model is used to predict the state of charge of Li-Poly and LiFePo batteries in typical scenarios. These predictions are compared to the state of charge calculated from measurements, and it is shown that it is also possible to accurately model the state of charge of both Li-Poly and LiFePo batteries. In the case of the Li-Poly battery the difference between the measured and predicted state of charge is less than 5% and in the case of the LiFePo battery this difference is less than 3%.
Introduction
Batteries have become an important attribute of future energy systems [1] . Examples include using a battery (1) for emergency situations, (2) to store electricity generated by photo-voltaic panels (PV-panels) during the day for usage during the night, and (3) to store electricity at times it is cheap for usage at times it is expensive. Furthermore, to get insight in the working of future energy systems, more simulations are used for example to predict weak points in existing grids [2] , to investigate the effect of increasing infeed of renewable energy, or to explore the possibility of new types of grids [3] . To be able to accurately estimate the energy usage and power flows in a grid for such simulations, accurate models are needed for all relevant devices connected to the grid, including batteries.
To describe the behavior of batteries a whole set of models and methods are available. Many of these models and methods are suitable for state of charge (SoC) estimation [4] , but most of these are only suitable for one specific type of battery, for example leadacid (Pb-acid) [5, 6] . For Pb-acid batteries, some of these models are even very accurate. The Schiffer-model [7] for instance is very accurate, and takes most physio-chemical processes that occur in the battery (corrosion, acid stratification, gassing) into account. However, this model requires solving of a large number of equations and (estimated) values for 28 different parameters, many of which are only available to the manufacturers of the battery. The Kinetic Battery Model (KiBaM) introduced by Manwell et al. [8] takes less phenomena into account, and can predict the SoC using only 3 parameters, making use of non-linear equations. Other models that yield high accuracies for the SoC prediction, like the Husnayin method [9] make use of elaborate algorithms and require extensive computations and large data sets to be able to learn how to predict the state of charge of a particular battery. Also for lithium-ion polymer batteries (Li-Poly) many models are available for prediction of the state of charge [10] . For example the Dualfoil model [11] is very accurate, but also very complex to use, as the model requires over 50 input parameters to model the behavior of a Li-Poly battery, whereby again much of the needed information may only be available to the developers or manufacturers of the battery. The Thevenin model, a type of equivalent circuit model, can be used to predict the SoC of LiFePo batteries, see e.g. Refs. [12, 13] , the model is considered very reliable, however the model parameters are difficult to determine and the model itself complex to use [14] . A more generally applicable method is the Coulomb counting method [15] , which can be used to estimate the state of charge of any battery based on measurements. This method can produce highly accurate values for the prediction of the current state of charge, but does not provide a prediction of a future state of charge based on the planned actions applied to the battery.
Within the context of smart grids and energy management, the state of the grid and the relevant assets in the near future (e.g the SoC of a battery) as e.g. energy plans have to be submitted to markets a day ahead and deviations are penalized [16] . With the increasing amount of flexibility in batteries (both domestic batteries and those found in electric vehicles), such market mechanisms are also becoming increasingly interesting in the residential sector (see e.g. the design of the universal smart energy framework [17] ). Hence, in order to optimize the operation of a smart grid, a scalable and model-predictive control approach is required to benefit from the opportunities provided by these flexible assets in the near future. One example of such a control approach is given by Gerards et al. [18] , who introduce the Profile Steering algorithm to devise a power consumption plan in a scalable way for a cluster of devices. The heart of this approach are computational efficient device level planning algorithms which already exist for buffers (including batteries) [19] and electric vehicles [20] . However, the presented approaches utilize an ideal battery model (similar to coulomb counting), and thus they do not take battery voltage into account. Therefore, the predicted energy and power that the battery can provide may be estimated overly optimistic, resulting in deviations from the planning in reality. A model is needed that can accurately predict the future SoC while maintaining a low level of complexity to make it applicable for simulations of clusters of hundreds/ thousands of distributed battery systems. An existing simpler model for for battery State of Charge prediction is the Diffusion Buffer model 1 (DiBu-model) [21, 22] . It has been developed to facilitate sufficiently accurate State of Charge (SoC) predictions, while being simple enough to be used within decentralized energy management tools like e.g. the TRIANA [23, 24] and DEMKit [25, 26] smart grid modelling environments. The DiBu-model can be used to predict the effect of a sequence of actions (charging or discharging the battery) for several intervals in the future on the state of charge of a battery. Moreover the DiBumodel is more general, meaning that it has been designed to simulate the behavior of various battery types. It is based on a model for the prediction of the SoC in thermal energy storages, developed by van Leeuwen et al. [27] . The idea of the DiBu-model is first described in Ref. [21] , where the similarities between thermal energy storage and electrical energy storage are discussed, and the first version of the model is presented. Also some difficulties and problems of the model are pointed out. In Ref. [22] these problems are addressed, and an improved model is presented. Also first results of the predictive capabilities of the model are presented. This paper adds a broad analysis of the predictive capabilities of the DiBu-model and a demonstration of its applicability on various types of batteries.
In Section 2 the DiBu-model is briefly explained, and it is shown how the relevant parameters can be determined from battery measurements. In Section 3 the batteries and measurement devices used in the research are described. The predictive capabilities of the DiBu-model are demonstrated by predictions of the state of charge (Section 4.1) of three different Pb-acid batteries during various charge, discharge and idle steps. In Section 4.2 improvements to the SoC predictions are discussed. The wide applicability of the DiBumodel is shown in Section 4.3, where the model is applied to a Lithium-ion Polymer (Li-Poly) and a Lithium Iron-phosphate (LiFePo) battery. Conclusions of all findings are included in all subsections of Section 4, and a general conclusion on all results is given in Section 5. Lastly the scope of possible future work is discussed in Section 6.
A comprehensive model for battery SoC prediction
The model proposed in Refs. [21, 22] predicts the state of charge (SoC) in a future point in time (t), as a percentage of the maximum capacity (E max ) in Wh, based on the SoC at the current time (t-1). More precisely the state of charge (SoC t ), given as a fraction of the battery capacity, is calculated by adding the change of the SoC during time interval [t-1,t] to the previous SoC (SoC tÀ1 ). The change of the SoC is based on the current (I t ) and voltage (U t ) in that time interval Dt between t-1 and t. In detail we have:
To calculate the SoC at some time T (SoC T ) starting from an initial SoC at time 0 (SoC start ) we need to know E max and the current (I t ) and voltage (U t ) used during the time intervals [t-1,t], t ¼ t start … T. The current (I t ) corresponds to what is applied to or demanded from the battery in the time interval. To calculate the voltages we consider four states of the battery: discharging (2a), idle time after discharging (2b), charging (2c) and idle time after charging (2d). For each of these four states, a different expression is used to determine the voltage. The basic formulas for these expressions are as follows.
(The used parameters a, b, g, d, U max t Ã 0 and SoC s0 are explained later.)
In Fig. 1 charging, Equation (2d) is used. For Equations (2b) and (2d) it is assumed that the idle time is short enough so that there are no selfdischarge effects.
Estimates for the parameters a, b, g and d can be determined dependent on battery type, using e.g. the least-squares method on voltage measurements during the charging and discharging of the battery with a constant current [21] . The measurements necessary to determine the parameters a, b, g and d are outlined in
Refs. [21, 22] . Typical measurements to determine the parameters, and some example results are given in Fig. 2 . The value of parameters a and d are the slopes of the linear part of a constant current discharge curve (see Fig. 2a ) and a constant current charge curve (see Fig. 2b ) respectively. Multiple measurements, using various charge and discharge currents are used to determine values for a and d to ensure accuracy. Note that the behaviour of the voltage during the constant current discharge of a battery is not completely linear (see Fig. 2a ). However, in the model a linear approximation is made. When the battery is discharged with higher discharge currents the resulting discharge curve is diverging more form a linear curve. This behaviour is illustrated in Fig. A.1 , in the appendix, which shows voltages during the constant current discharge of a typical lead acid battery with various discharge currents. This implies that the prediction of the voltage of the battery during discharging is less accurate when the discharge current is higher.
To determine the values of parameters b and g, voltage measurements with two consecutive discharge steps and an idle period in between are used, see Fig. 2c . Fig. 2d ).
Materials and methods
In the following the measurements on lead-acid batteries are performed using a Vencon UBA5 battery analyzer [28] , under standard conditions. The Vencon UBA 5 battery analyzer has a voltage accuracy of ± 0.2% and a current accuracy of ± 0.5%. The measurements on Li-Poly and LiFePo batteries are done on a Cadex C8000 battery analyzer [29] , under standard conditions. Both the Vencon UBA5 (see Fig. A.2a ) and the Cadex C8000 (see Fig. A .2b) battery analyzer are multi-purpose devices, used to measure the voltage, current and temperature, and to provide the load and charge. Using either device a sequence of charging, discharging and resting steps can be programmed, the analyzer then executes these steps and records the applied current and resulting voltage and temperature. The Cadex C8000 battery analyzer has a voltage accuracy of ± 0.1% and a current accuracy of ±0.25%. The parameters a, b, g and d, as well as the parameters necessary for the application of the KiBaM model are determined using the results of at least four separate measurements on the relevant battery. The lead-acid batteries used for this work are commercially available. The Conrad battery, is a Conrad CP672 valve regulated lead acid battery, the Yuasa battery is a Yuasa NP7-6 valve regulated lead acid battery and the Multipower battery is a MP7-6S lead-acid battery. The Li-Poly and LiFePo batteries are Dan-energy batteries, also commercially available. All measurements are carried out within safe operating limits (voltage, current and temperature) as supplied by the battery-manufacturer to ensure that the batteries are not damaged.
Results & discussion
In the following we first determine for the three lead-acid (Pbacid) batteries the parameters presented in Section 2 using the model and method outlined also in that section. The three tested batteries have more or less the same specifications, but are made by different manufacturers; Conrad, Yuasa and Multipower, (the batteries are referred to by these names.) The achieved results are presented in Table 1 . For all three tested batteries, the values for the parameters a, b, g and d respectively are very similar. The one exception to this is the g value for the Multipower battery, which is three times smaller than the g value for the other two batteries, the reason for this deviation is not yet clear. Using the parameters in Table 1 , the DiBu-model given by formulas (1) and (2) , is applied to predict the behaviour of the Conrad, Yuasa and Multipower batteries in a typical scenario. The voltage and SoC of each battery are predicted during consecutive charge, discharge and idle steps. The applied currents for each step in the scenario are given in Table 2 .
The prediction of the voltage is not the main goal of the DiBumodel, but a necessary step in the SoC prediction. Therefore only one example of this step is presented. In Fig. 3 the measured and predicted voltage of the Conrad battery, under the applied currents is shown. The pattern of the predicted voltage, resembles the pattern of the measured voltage, however, the difference between the predicted and measured voltage is up to 0.54 V (or 7.7% of the maximum voltage) which seems to be quite large. Furthermore the difference between the prediction and the measurement is largest in discharging steps (Step 5 and 9) where the battery is discharged with 1 A, and 0.8 A respectively. However, as the goal of this model is not to give an accurate prediction of the battery voltage, but rather give an accurate prediction of the SoC this deviation of the voltage on its own is not directly an issue. Therefore, in the next section we investigate the SoC predictions in more detail.
SoC predictions
The prediction for the state of charge for each of the three batteries is displayed in Fig. 4 . In this figure, the predicted SoC is compared to the SoC calculated directly from measurements on each of the three batteries, by means of the Coulomb counting method [15] . Furthermore the SoC predicted with the DiBu-model is also compared to the SoC predicted using the KiBaM model. The KiBaM model or Kinetic Battery Model is a well known and often used model for the prediction of the SoC of lead-acid batteries [8] . The parameters used for the predictions in Fig. 4 are included in Table A The measured and predicted SoC of the Yuasa battery are shown in Fig. 4b . From the start of the experiment to the end of Step 8 (t1 250 min), there is only a slight difference between the SoC DiBu and the SoC meas : the maximum difference in this time interval is 1.5%.
The difference increases to 8.4% over the three discharge steps that follow. In the last charge step (Step 14), the difference between the SoC DiBu and the SoC meas increases slightly, to 8.5% at the end of the experiment. From the start of the experiment, until the middle of
Step 10 (t~1400 min), the SoC KiBaM is less accurate than the SoC DiBu . similar in this case, the absolute difference between the two is never more than 0.9%. A second scenario has been explored where the Conrad battery is cyclically charged and discharged. The battery is charged with 400 mA for 8 h, and discharged with À400 mA for 8 h, between the charge and discharge steps the battery is idle for 30 min. The applied currents for each step in the scenario are given in Table 3 . Fig. 5 shows the measured and the predicted SoC using the DiBumodel and the KiBaM model during this scenario. 
Improvements of the SoC prediction
The state of charge at time t is predicted using the measured values for the voltage and current at time t-1. In each consecutive step of the state of charge prediction, the values predicted for the previous time step are used as input. Although the SoC prediction of one single time step (Dt ¼ 30 s) produces only a very small error, the SoC predicted over a longer period of time requires many consecutive predictions and in each of the consecutive predictions the error accumulates, so the total error may increase and become considerable. In the previous experiments we choose to predict the state of charge over long periods up to 3400 min (i.e. 57 h, or 6800 steps of Dt) in advance. In the experiments the SoC DiBu deviated at most 2.5% from the SoC meas in the first 1000 min, after which the accuracy of the SoC DiBu started deteriorating. This implies that, in this experiment the accuracy of the state of charge prediction using the DiBu-model is only of a high quality when the prediction horizon is not too long. Based on these insights, in a practical setting, the starting values for the battery voltage (U t ) and state of charge (SoC t ) should be calibrated after some period of time based on Table 2 The charge, discharge and idle steps used in the experiments described in Figs. 3 and 4 . To protect the batteries a maximum cut-off voltage of 6.9 V and minimum cut-off voltage of 5.5 V was set. In some steps the cut-off voltage was reached before the step was completed; in these instances the real charge or discharge step length, displayed in Figs. 3 and 4 is shorter than indicated in this table.
Step measurements or other indications for the values of (U t ) and (SoC t ) achieved at the time of calibration. These standard techniques should improve the accuracy of the prediction for the next time interval. It was also observed that the inaccuracy of the SoC DiBu increased during the discharging steps, in particular when a high discharging current was applied. Therefore, it is suggested that for improving the accuracy in a practical setting, the starting values for the battery voltage (U t ) and state of charge (SoC t ) should be updated after each discharging step. Using these improvements the maximum prediction horizon is limited to the time of one full charge/discharge cycle. Moreover, the inaccuracy caused by a discharge step is corrected immediately after this step, so the overall accuracy should improve. Note that if the DiBu-model is used as part of a (smart) grid simulation, updating the starting values for (U t ) and (SoC t ) effectively shortens the maximum time over which the SoC DiBu can be predicted. However, if the DiBu-model is used to predict the behaviour of an actual battery, for example when using modelpredictive control, measurements on that battery can be used to update the starting values for (U t ) and (SoC t ). In practice, battery management hardware (e.g. the Victron Multiplus [31] ) is almost always involved when a battery is used in a (smart) grid environment. It is common for such a device to measure the battery voltage and current, and determine the actual SoC from these measurements. It is also common for these devices to recalibrate the SoC determination when the battery is either completely full or completely empty. The measured voltage, and/or determined SoC can be used freely to update the (U t ) and state of charge (SoC t ) to increase the accuracy of the prediction. Based on the results up to now a scenario for possible improvements has been explored: the starting values for (U t ) and (SoC t ) are calibrated at the beginning of a step that starts after a Table 1 ), calculated from measurements on the batteries compared to predictions using the DiBu-model and the KiBaM model.
Table 3
The charge, discharge and idle steps used in the cyclic charging/discharging experiment described in Fig. 5 .
Step the end of the experiment is reduced to 0.5%. This is a significant improvement to the original experiment, but can be attributed mainly to the fact that the update occurred just before the start of the last step (Step 14). However, the maximum difference between SoC meas and SoC DiBu during the whole experiment is reduced to 2.8%, which occurs at the end of Step 9. The difference between SoC meas and SoC DiBu for the Yuasa battery, (see Fig. 6b ) at the end of the experiment is 0.5%, which is, again a significant improvement to the original experiment, but again that is caused by the update at the beginning of Step 14. The difference is small over the entire course of the experiment, staying below 1.3% except for the last part of step Step 9 where the difference increases to 2.7% within 30 min. When the improvements are applied on the SoC predictions for the Multipower battery, (see Fig. 6c) Fig. 6 it can be concluded that:
The accuracy of the State of Charge predicted using the DiBumodel can be improved when the time over which the prediction is made is shortened, i.e. if the starting values of U t and SoC t are calibrated after a certain amount of time. The accuracy of the State of Charge predicted using the DiBumodel can be improved when the values for U t and SoC t are calibrated after a discharge step.
Verification with additional battery types
To demonstrate the wider applicability of the DiBu-model, the model is also applied on Lithium-ion Polymer (Li-Poly) and Lithium Iron-phosphate (LiFePo) 3 batteries. The parameters of these batteries, listed in Table 4 , were determined using the method outlined in Section 2. It was determined from the measurements that even though the capacity recovery effect is present in both Li-Poly and LiFePo batteries, its effects for the DiBu-model are minimal (see Fig. A.3) . The voltage where the second discharge starts is almost identical to the voltage where the first discharge ends, even after an idle step of 1 h. For the model this means that the voltage remains constant during idle steps after discharging, hence the parameters b and g are both zero.
Lithium-ion polymer batteries
The behaviour of the Li-Poly battery was investigated for a typical scenario, during a set of consecutive charge, discharge and idle steps. The characteristics of the different steps, are outlined in Table 5 . Note that this scenario is not the same as the test scenario for the Pb-acid batteries, this is the result of limitations of the battery and testing equipment.
In Fig. 7 the SoC calculated from measurements, and the predicted SoC for the Li-Poly battery are displayed. As mentioned the increase in difference between SoC DiBu and SoC meas is largest in the discharge steps. At the end of (discharge)
Steps 12, 16 and 21 the difference is 1.7%, 4.3% and 3.9% respectively. At the end of charge steps that follow these discharge steps, namely Steps 15, 19 and 22, the difference is 0.9%, 1.3% and 3.3%, which is a reduction in all cases. This behaviour matches the behaviour observed for the lead-acid batteries (Section 4.1). The SoC DiBu can be improved if the values for U t and SoC t are calibrated after each discharge step, as proposed in Section 4.2. The green line in Fig. 7 shows the SoC DiBu if these improvements are applied. In this case the aforementioned differences in Steps 12, 16 and 21 are greatly reduced. However, the largest difference (4.8%) is now located in
Step 10 and is larger than the largest difference without the improvements applied. This is caused by an overestimation of the SoC in that step. On the whole, however, the difference between SoC DiBu and SoC meas is smaller when the improvements are applied. The difference between the SoC DiBu , with and without the improvements, for all steps is presented in Table A .5.
Lithium Ironphosphate batteries
The behaviour of the LiFePo batteries (see Table 4 ) was also investigated for a typical scenario, during a set of consecutive charge, discharge and idle steps. The characteristics of the different steps, are outlined in Table 6 . Note, that again the scenario is not the same as the test scenario for the Pb-acid and Li-Poly batteries, this is again the result of limitations to the battery and testing equipment.
In Fig. 8 ) and (SoC DiBu ) is 11.6% and this indeed occurs at the end of the last step (Step 23). The difference increases most during the discharge steps, and remains mostly constant during the charge and idle steps (for the difference per step see Table A .5) . If the improvements proposed in Section 4.2 are applied (the values for U t and SoC t are re-calibrated after Steps 4, 5, 6, 10, 11, 12, 13, 19, 20 and 22) , the predictions improve. The corresponding SoC DiBu is also shown in Fig. 8 . When the improvements are applied, the largest difference between (SoC meas ) and (SoC DiBu ) is then 2.7%, and this occurs at the end of Step 4.
From the experiments on the Li-Poly and LiFePo batteries, outlined in Tables 4 and 5 and shown in Figs. 7 and 8 it can be concluded that:
The capacity recovery effect is negligible for Li-Poly and LiFePo batteries, hence the parameters b and g are both zero. For both battery types the accuracy of the State of Charge prediction using the DiBu-model can be improved if the values for U t and SoC t are calibrated after each discharge step.
Conclusions
A simple yet accurate model for the prediction of the battery state of charge, the DiBu-model was proposed in Refs. [21, 22] . This model was developed specifically for usage in tools for simulation, prediction and control of smart grids. As such the model yields accurate predictions of the state of charge, while being simple enough to apply in such tools. In this work the DiBu-model is applied to predict the state of charge of several different batteries. The model predicts the battery voltage during charging, discharging and idle periods, and based on these voltages the state of charge is predicted. To apply the model, first four parameters have to be determined from measurements on the battery in question. In a first step it has been shown that the DiBu-model can be used to accurately predict the behaviour of various lead-acid batteries. The difference between Table 5 The charge, discharge and idle steps used in the experiment described in Fig. 7 .
Step Table 4 ), calculated from measurements on the batteries, compared to predictions using the DiBu-model, and compared to predictions using the DiBu-model updating the SoC start and V start at the end of each discharge step.
Table 6
The charge, discharge and idle steps used in the experiment described in Fig. 8 .
Step all predictions has been summarised in Table 7 . For Pb-acid batteries, the difference between SoC DiBu and SoCmeas has been shown to be less than 10% for a state of charge prediction over 3000 min (~50 h). It has also been shown that the accuracy of the state of charge predictions using the DiBu-model, is equal to, or in some cases better than the accuracy of state of charge predictions using the well established KiBaM model. However, the KiBaM model is more complicated and less suited for usage in tools for simulation, prediction and control of smart grids. Furthermore it has been shown that the DiBu-model also can be used to accurately predict the behaviour of Li-Poly and LiFePo batteries. In the case of the Li-Poly batteries the difference between SoC DiBu and SoC meas has been shown to be 4.3% for a state of charge prediction over 600 min (~10 h). In case of the LiFePo batteries the difference between SoC DiBu and SoC meas has been shown to be 11.6% for a state of charge prediction over 1200 min (~20 h). It has also been shown that the accuracy of the predictions can be improved by periodically updating the starting values for the battery voltage and state of charge.
Future work
Future work is dedicated to generalise the DiBu-model. One part of this is the verification of the DiBu-model for other battery types such as e.g. Nickel-Cadmium and Nickel-Metalhydrate batteries. Another part is the verification of the model for different load profiles, such as profiles where the battery operates near or on its operating limits, profiles where the battery operates well beyond or below room temperature, or profiles of real house-loads. The effectiveness of the improvements for reduction of the deviation between the predicted SoC and the SoC calculated from measurements should also be evaluated for the aforementioned loadprofiles. Yet another topic for future work is the implementation of the DiBu-model in smart grid simulation software like e.g. TRI-ANA [23, 24] or DEMKit [26] . comments on this work. Lastly the authors want to thank Richard van Leeuwen for his invaluable help in the inception of the DiBumodel. Table 4 ), calculated from measurements on the batteries compared to predictions using the DiBu-model, and compared to predictions using the DiBu-model updating the SoC start and V start at the end of each discharge step. Step # Maximum deviation from measured value (%) 
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